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ABSTRACT
Cancer is one of the most serious diseases worldwide. Scientists have been trying to 

elucidate the molecular mechanisms that cause cancer development and cancer 

prevention. A recently identified class of non-protein-coding small RNAs, microRNAs 

(miRNAs), provided new insight in cancer research. They have strong impact on the 

expression of protein-coding genes. They are deemed to play a crucial role in the 

initiation and progression of human cancer, and those with a role in cancer are designated 

as oncogenic miRNAs (oncomiRs). Ovarian cancer is the sixth most common cause of 

cancer death among woman worldwide. The aim of this study was to reveal the regulated 

gene associated microRNA’s in human ovarian cancer. Gene expression microarrays hold 

tremendous amount of biologically significant data. In order to systematically investigate 

the associated genes from this bulk of expression data various statistical and clustering 

techniques were explored. Statistical techniques include t-test, significance analysis of 

microarrays and self organizing tree algorithm (SOTA), while among clustering 

techniques hierarchical and K-means clustering was done. Then the most susceptible 

gene families were further analyzed for their potential microRNA targets by using 

various prediction tools including miRGen, pictar, miRanda etc.

This transcriptome analysis revealed the major representation of two gene families in 

ovarian cancer the pyruvate dehdrogenase kinase and claudin gene family. All of the 

members of these families except cldn5 were found upregulated in ovarian cancer and 

hence their respective microRNAs were found to be downregulated while the 

microRNAs for cldnS were upregulted. This study proved hsa-miR-lOa, hsa-miR-lOb, 

hsa-miR-423, hsa-miR-497, hsa-miR-326, hsa-miR-424, hsa-miR-195 and hsa-miR-15a 

to be strongly associated with human ovarian cancer.
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1. INTRODUCTION

At the end of twentieth century the most exciting breakthrough happened in biological 

research when scientists discovered small RNA which then termed as microRNA. 

Further research suggested that they are involved in various fundamental cellular 

processes. Biological scientists were stunned by the discovery of hundred of genes 

encoding microRNA’s which were found to be negative regulators of gene expression. 

That’s why Meltzer (2005) stated them as “small RNAs with big impacts”. The finding 

of involvement of microRNAs in cancer was a turning point in cancer research. Many 

studies have been done to elucidate the microRNA’s involvement in cancer but due to 

the complexity of their function these researches still failed to show the complete picture 

of the problem.

1.1 MicroRNA

Recent advances in high-throughput technology have led to the most important 

discovery of the micro regulators of protein product, the MicroRNA. These are the 

endogenous RNAs of ~22nt length and they perform the regulatory roles by 

complementarily binding to the protein- coding genes and hence blocking their 

productive translation (Lai, 2003; Bartel, 2004). The output of protein products is 

immensely influenced by the critical role of microRNAs in regulation of coding genes. 

They mostly affect those genes which are involved in stem cell maintenance, 

developmental timing and other developmental and physiological processes in plants and 

animals (Carrington and Ambros, 2003). Brennecke et al. (2003) and Xu et al. (2003) 

explained the functional role of microRNAs in cell proliferation and fat metabolism in
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flies. In plants the microRNAs are involved in control of leaf and flower 

development (Aukerman and Sakai, 2003; Chen, 2003; Emery et a l, 2003; Palatnik et 

al., 2003).

The first microRNAs were discovered in C elegans. These were let-7 and lin-4 

which are the components of gene regulatory network which controls the larval 

developmental timings in C elegans (Lee et al^ 1993; Wightman et a l, 1993; Moss et 

al, 1997; Reinhart et a l, 2000; Abrahante et al, 2003; Lin et a l, 2003). MicroRNAs are 

evolutionary conserved (Zhang et a l, 2006; Cai et al, 2006; Lee et a l, 2007).

Other major qualities of microRNAs are their time, tissue (Liu et a l , 2009) and 

developmental stage specific (Malumbres et a l, 2008; Watanabe et a l, 2005) expression 

patterns. The relative expression of microRNAs in different tissues describes the more 

detailed insights about their functioning (Lagos-Quintana, 2002). Babak et al (2004) 

describe that in adults microRNAs are mostly tissue specific. The microRNAs having 

similar expression are located close to each other (Liang et a l, 2007). These 

specifications provide the evidences for their role in the developmental cycles of the 

organisms.

The biological functioning of several microRNAs has been proved, for example 

miR-125b and let-7 role in cell proliferation, miR-181 in hematopoietic B-cell lineage, 

miR-430 in brain functioning, miR-143 for development of adipocyte and miR-15a and 

miR-16-1 in survival of B-cell (Harfe, 2005).

MicroRNA’s are estimated to comprise between 0.5 and 1 percent of the 

predicted genes in worms, flies, and humans and hence they are most abundant class of 

regulatory genes in animals and it shows their extended fimctioning in regulation of

Chapter 1 Introduction

A High throughput computational analysis o f  microRNA signatures in human ovarian cancer 2



genes (Lagos-Quintana et a l, 2001; Lau et a l, 2001; Lee and Ambros, 2001; Lai et ai, 

2003; Lim et a l , 2003a and Lim et al., 2003b).

The prediction of involvement of two clustered miRNAs in human B-cell chronic 

lymphocytic leukemias (Calin et a l , 2002) made the scientists to ponder that how often 

microRNAs participates in human cancers. Further investigations proved that miRNAs 

were detected in almost every type of cancer including breast carcinoma, hepatocellular 

carcinoma (Murakami et a l, 2006), papillary thyroid carcinoma (He et a l, 2005), B-cell 

chronic lymphocytic leukemia (Calin et a l, 2004), lung cancer (Takamizawa et al, 2004; 

Yanaihara et a l, 2006), primary glioblastoma (Ciafre, 2005), endocrine pancreatic 

tumors (Volinia et a l, 2006) and colorectal carcinoma (Micheal et a l, 2003). Now it is 

confirmed that microRNAs are involved in the pathogenesis of almost every cancer 

(Calin and Croce, 2006) because their involvement in fundamental pathways and their 

interaction with specific oncogenes are the undeniable facts.

The reasons for misexpression of miRNAs in cancers are not well understood but 

the basic point raised by scientists in this regard is their genomic location. They are 

normally found at breakpoint cluster regions or minimal regions of chromosomes. The 

latest study demonstrated that more than 50% of miRNA genes are located in cancer- 

associated genomic regions or in fragile sites (Calin et a l, 2004). Therefore miRNAs are 

deemed to play a crucial role in the initiation and progression of cancer in humans, and 

those with a role in cancer are designated as oncogenic miRNAs (oncomiRs) (Cho, 

2007).
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1.2 Ovarian Cancer

Ovarian cancer is the sixth most common cause of cancer death among woman 

worldwide and causes approximately 125,000 deaths annually (Cannistra, 2004). Only 

30% of patients with ovarian cancer survive 5 years after initial diagnosis (Greenlee et 

al., 2001). Ovarian cancer is a silent killer because of late stage diagnosis and very little 

survival rate. Environmental and genetic factors are both important in ovarian 

carcinogenesis. In the previous two decades, much progress has been made in identifying 

genes involved in the development of ovarian cancer. These known genes are useful in 

understanding the pathogenesis of ovarian cancer and defining its molecular signature. 

They can serve as biomarkers for early diagnosis and targets for drug development. The 

involvement of microRNAs in many cancer types is evident from research, so there are 

many chances that they might also be involved in ovarian cancer (Esquela-Kerscher and 

Slack, 2006). Several microRNAs had already found implicated in ovarian cancer such as 

up regulation of miR-200a and miR-141 and down regulation of miR-125bl and miR-145 

in ovarian cancer (lorio et al., 2007).

The complexity of disease and late stage diagnosis compel the scientists to 

unravel further molecular mechanisms involved in ovarian cancer so that early stage 

detection may become possible. The advancement in therapeutic research is required to 

reduce the mortality rate due to this most lethal gynecological malignancy.

Microarray analysis is the best high through-put techniques for microRNA genes 

involved in cancers (Kim and Nam, 2006; Liu et a l, 2004; Hammond, 2006). The current 

research is focused to extract most susceptible microRNAs in ovarian cancer. As there is 

no straight forward in silico method for digging microRNA genes so an indirect approach
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was utilized by which first the highly expressive gene families in ovarian cancer were 

mined and then their respective microRNAs were predicted. The choice for selection of 

families was based upon their most expressiveness and also on novelty. This research is 

majorly narrowed down in to two gene families the pyruvate dehydrogenase kinase 

family and the claudin family.

1.3 Pyruvate dehydrogenase kinase family

Cancer is a metabolic disorder (Seyfiied and Shelton, 2007). In cellular biology 

the word metabolic automatically refer to the organelle which, as being a power house of 

a cell, is considered as a supreme commander for all of the metabolic processes going on 

in human body, the Mitochondria (Stine,), In 1956, Otto Warburg was the first one to 

report the mitochondrial dysfunction in tumor cells (Warburg, 1956). His findings opened 

a new line of research and understanding for cancer. After Warburg many work was 

carried out regarding it (Cavalli and Liang 1998) and it was proved that tumor cell 

mitochondria has a disrupted energy metabolism rate as compared to the normal cell 

mitochondria (Mayevsky, 2009; Seyfiied and Mukherjee, 2005; Chen et a/. ,2009; 

Ramanathan et a l, 2005). So it is necessary to unravel the molecular mechanisms in 

glycolysis and citric acid cycle which further involve in different cancers. In every cell 

the link of glycolysis with citric acid cycle is maintained by an irreversible process of 

oxidative decarboxylation of pyruvate to form acetyl coA. This reaction is catalyzed by 

pyruvate dehydrogenase complex which plays a crucial role in this reaction.

The glucose metabolism is regulated by pyruvate dehydrogenase kinase (PDK) 

which has the ability to switch off the mitochondrial pyruvate dehydrogenase complex 

(PDC). Four isoenzymes of pyruvate dehydrogenase kinase (PDKl, PDK2, PDK3 and
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PDK4) with tissue specific activities have been identified in mammals so far (Bowker- 

Kinley et al., 1998). The PDKs activity was mainly observed in case of fasting, starvation 

and in diabetes (Majer et a i, 1998; Guerre-Millo et a i, 2000). Increase in PDK4 activity 

in starvation and diabetes was shown in rat tissues by Wu et al (1999). PDK2 is declared 

as a major isoenzyme responsible for regulation of pyruvate dehydrogenase complex 

(Gudi et al, 1995). Although the major reported articles said that the contribution of 

these isoforms is mostly in muscles, heart and liver but due to critical role of these 

isozymes in energy metabolism, it is believed that any defect in their activity may 

become a cause for a cancer.

Tumor cells have increased energy demands and in order to fulfill it they try to up 

take more oxygen and nutrients then normal cells. This results in creation of hypoxic 

environment (Harris, 2002). Cancer cells undergo various adaptations in order to survive 

in unfnendly hypoxic environment. These adaptations are induced by Hypoxia-Inducible 

Factor (HIF) (Semenza, 2003; Gordan and Simon, 2007). HIF uses various different ways 

to regulate this mechanism and one of them is by switching off the conversion of 

pyruvate in to acetyl coA by blocking the activity of PDH complex through directly 

stopping PDKl activity (Kim et al, 2006). In the meanwhile estrogen- related receptors 

(ERR) stimulate increase in PDK4 expression in order to prevent aerobic metabolism of 

glucose (Wende et al, 2005; Araki and Motojima, 2006; Zhang et a l, 2006). This 

mechanism allows the tumor cells to survive in hypoxic environment and fiilfill the high 

energy demand of these cells (Ac et al, 2008). The crucial role of PDKs in survival of 

tumors is well understood by this mechanism. The increased expressions of PDKl in
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breast cancer (Maurer et a l, 2009; Lin et al, 2005) and decrease of PDK4 in cervical 

cancer (Carlson et al, 2007) also validate presence of their pivotal role in cancers.

1.4 Claudin gene family

In multicellular organisms, there are epithelial cellular sheets which function as 

diffusion barriers, to maintain distinct fluid compartments and also they are involved in 

active transport of materials across the barrier, to dynamically establish environment of 

each inter-compartmental unit. These physiological functions demand a seal to the 

diffusion of solutes on cellular sheets. Tight junctions (TJ) are considered responsible for 

this intercellular sealing (Anderson et a l, 1995; Goodenough, 1999; Tsukita et al, 2001). 

These tight junctions are not simple barriers because they control selectivity of ion and 

size. Their fimctioning also alters according to type of cell and various other 

physiological requirements. This permeability criterion is essential for maintaining 

dynamic environmental conditions of each cornpartment (Powell, 1981; Reuss, 1963). 

Tight junctions are formed by tight junction strands surrounded by integral membrane 

proteins and transmembrane domains and labeled as the ciaudins (Tsukita, 2008).

The claudin {CLDN) gene family is responsible for encoding claudin proteins 

which plays role in formation of tight junctions (Oliveria, 2006). Ciaudins are 

transmembrane proteins that extend the bilayer at the spot where N and C terminal are 

towards the cytoplasmic region (Findley, 2009). Ciaudins are called paracellular barriers 

because they controls paracellular permeability across the epithelial cells and due to this 

they have role in establishment and maintenance of apico-basal polarity (Shin et al,

2006). They form the seal and they have pore-like properties. This family consists of 23
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tight junction proteins (Sukita and Furuse, 2000). The correct arrangement of all claudin 

genes is very necessary to perform its function which is the formation of tight junctions. 

Any problem in its gene arrangement causes cancers. Claudins assist the permeability of 

endothelial and epithehal cells and that’s why the reduction in tight junctions is a key 

step towards cancer progression (Martin, 2001). Claudin gene family is implicated with 

various types of cancers (Morin, 2000; Swisshelm et a l, 2005; Nakanishi et ai, 2008; 

Dhawan et al., 2011). Association of ovarian cancer with some members of the claudin 

family has already been reported before e.g. cldn3 (Heinzelmann-Schwarz et a i, 2004), 

cldn4 (Boylan et a/., 2011) and cldn7 (Hough et al, 2000; Rangel et a l, 2003; Hewitt et 

al, 2006; Bignotti et a l, 2006). The function of claudins is highly tissue specific because 

claudin 3 and claudin 4 was observed in ovarian cancer but not in ovarian cystadenomas 

(Rangel et al, 2003).

In present research the pathogenesis of PDK and CLDN gene family was 

estimated first and then their respective microRNAs were predicted. This methodology 

will finally provide the most susceptible gene targets and their respective microRNAs for 

human ovarian cancer and also provide a novel paradigm for ovarian cancer therapeutic 

research by representing the full picture of gene expression.
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2. MATERIALS AND METHODS

The methodology includes two simple steps. First, to identify the genes associated 

with human ovarian cancer and secondly to find the respective microRNA’s for those 

genes. In order to complete the first task two ovarian data sets were downloaded fi-om 

Gene Expression Omnibus (GEO). High throughput data is publicly available on this 

repository. As the data is generated ft'om microarray and next generation sequencing 

methods that’s why the data on GEO is very reliable because of its actual collection of 

data (Edgar et a l, 2002) (Barret et a l, 2005; Barrett and Edgar, 2006; Barret et ai,

2007).

These two datasets GSE4122 and GSE6008 contain expression amounts for both 

normal and malignant ovaries.GSE6008 contain 99 individual of ovarian tumors and 4 

individual of normal* ovary samples contributed by Hendrix and the second dataset 

GSE4122 was contributed by Tate and his co workers with 32 cancerous tumors and 14 

controls. These datasets were mined for finding novel gene markers in human ovarian 

cancer by systematic investigation. This was done by comparing the normal ovarian 

expression data with the cancerous one. The assessment was made by employing various 

statistical and clustering methods. This evaluation was performed by utilizing the 

techniques in a combination and series which finally divided most vulnerable targets for 

ovarian cancer.

For the microarray data analysis the major software used was Multi Experiment 

Viewer (Mev) version 4.0 (Saeed et a l, 2003; Saeed et a l, 2006), This is a part of TM4 

software suite for all type of microarray analysis. It is comprised of statistical, clustering
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and classification methods. It is the best known data mining software for transcriptome 

analysis. Only few statistical and clustering algorithms were used in this research from 

this tool including t-test, Significance Analysis of Microarrays (SAM), Hierarchical 

clustering, K-means clustering and Self organizing tree algorithm (SOTA). MicroRNA 

prediction is the second phase of study. For assigning microRNA’s various prediction 

tools were applied. The methodology for both phases of investigation is explained below.

2.1 Mining susceptible genes for ovarian cancer

For finding the most suitable target genes in ovarian cancer a variety of statistical 

and clustering algorithms were used. Along with them two tools were subjected for 

verification of microarray analysis results.

2.1.1 Statistical methods

The huge size and the implicit variant nature of microarray data makes it very 

difficult to extort the hidden biological information from microarray data. In order to deal 

with this bulk of data statistical techniques are used. Two simple and important statistical 

tools utilized in this research were t-test and Significance analysis of microarrays (SAM).

T-test is the simplest known technique for comparison of two phenotypes in 

microarray data sets mostly these two conditions is normal and diseased. The result of 

this comparison is in the form of p-value or the probability of expression of each single 

gene. The expression values for each gene from all experiments are taken to the account 

for assessing the differential expression of each gene. As the two downloaded sets 

contain data of two phenotypes so the t-test performed was “Between paired subjects” t-
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i
test. From the data sets only those genes which have probability less than 0.005 

(P<0.005) were considered significant. The output of this test not only provides p-values 

for each gene based on t-distribution but it also calculates the false discovery rate (FDR) 

which shows the expected false positives. The statistical significance of a gene is 

dependent upon both p-value and FDR. The t-test results were displayed on volcano plot 

in order to visually explain the differential expression of genes. The scatter plot best 

shows the behavior of the genes. It is the graph between negative logio-transformed p- 

values and difference of mean of expression between both phenotypes. The purpose of 

doing t-test was to extract the most significant genes from huge microarray data sets.

Although t-test is the very reliable tool for statistical analysis but it is a very basic 

test and some times its result were biased only on p-value while the fold change was very 

small so its enhanced version was also used in order to exclude the biased results 

(Cui and Churchill, 2003). This enhanced statistical test is Significance Analysis of 

Microarrays (SAM). It is also called as the S-test (Tusher, 2001). In SAM the genes with 

greater fold change and significant p-values were only considered as significant. The cut­

off value was set to >2 so that only those genes which have fold change greater than two 

between two phenotypes were selected. The SAM results can be clearly understood by 

SAM graph which separates the positive and negative significant genes on the basis of 

observed and expected value. The genes common in both t-test and SAM were selected 

for further analysis.
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2.1.2 Clustering

Cluster analysis was performed on the similar genes extracted from t-test and 

SAM. The purpose of performing clustering after statistical testing is to reduce the 

chances of error as it was not necessary that the expression of statistically significant 

gene was also significant when there was a matter of comparison between the normal and 

cancerous gene data. Clustering is a very powerful technique for analyzing gene 

expression data (Jiang et al., 2004). It is an unsupervised learning process by which 

similar genes are grouped together. Cluster analysis reveals the correlated pattern of gene 

expression (Michaels et a l, 1998). In order to find inter related genes fi’om the significant 

set of genes three different clustering techniques were applied. Although there are many 

clustering techniques but in this research only three techniques were applied namely 

hierarchical clustering, K-means clustering and Self Organizing Tree Algorithm (SOTA).

Hierarchical clustering is the easiest and the most important basic level technique 

of clustering. The gene tree is formed by agglomeratively or divisively grouping the 

clusters of genes having similar characteristics. All of the selected significant genes were 

gone through the hierarchical clustering algorithm and as a result the microsirray gene 

pattern showed regions with significant difference in the normal and ovarian samples of 

genes. Those regions with significant expression patterns were then specified for fiorther 

investigation.

K-means clustering is the second clustering method utilized in order to exclude 

those false negatives (if any) which were accidently included in the hierarchical cluster as 

most significant hit. In this technique user defines the number of clusters that’s why it is
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known as k-means. The clusters which represent more differential expression visually 

were collected for further research.

Self organizing tree algorithm (SOTA) is the more superior and efficient 

clustering algorithm as it uses neural networks for clustering. It works in a divisive 

manner and efficiently adds cluster by utilizing top to bottom approach (Herrero et a l , 

2000). It generates dendogram which summarizes the result for each cluster. Each row is 

the representative of a cluster. By only visualizing the dendogram the expression of each 

cluster can be judged. The most significant clusters were then picked by analyzing 

dendogram pattern. Pearson correlation distance matrix was selected because it is best 

matrix for analyzing the gene expression patterns (Haeseleer, 2005). The average Unkage 

clustering parameter was chosen for analysis because in it the cluster differences were 

measured by taking average of all data point distances in a cluster. Hence SOTA gave the 

more insights in the expression pattems of the genes.

The genes having significant expression profiles shown in all the three clustering 

methods were then listed down for further analysis. The genes which fail to appear 

significant in any of these tests were excluded from the list of significant genes chosen 

for analysis by the statistical tests.

The genes which passed both the statistical and clustering tests were then 

reviewed in literature to know that if they were already predicted in association with 

ovarian cancer. Many of the extracted genes were already predicted but here some novel 

targets were also observed. Fortunately they belong to the same families and by this the 

representation of two families in ovarian cancer was identified. Those two pyruvate
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dehydrogenase kinase (PDK) and claudin families were further verified for their 

association with ovarian cancer and then their potential microRNA’s were predicted in 

the second phase of research.

2.1.3 Serial Analysis of Gene Expression (SAGE) analysis

To perform serial analysis of gene expression in silico the web tool SAGE Genie 

(Liang, 2002) was employed, available at

http://cgap.nci.nih.gov/SAGE/AnatomicViewer. SAGE Genie is a part of Cancer 

Genome Anatomy Project (CGAP). It is a very efficient tool for transcriptome analysis. It 

contains the mRNA libraries of both cancer and normal tissues. The expression level of 

above separated genes for further investigation was calculated by counting tags per 

million (TPM) from the available expression libraries. Only the reliable tags were picked 

and then mapped with their unigene clusters. The TPM values with fold differences 

between cancerous and normal ovarian libraries greater than two fold was considered 

significant. The reason for doing SAGE analysis is to validate the microarray results.

2.1.4 GENT: Gene Expression Database of Normal and Tumor Tissues

One of the verification tools used for the microarray results was GENT (Shin et 

al., 2011). It is basically a database which contains both normal and cancerous tissue data 

for comparison of expression pattern, and contains updated information about gene 

expression. The result from microarray and SAGE were again confirmed from GENT 

which graphically shows the levels of expression of those genes in different tissues. From 

here the expression level of the genes were only observed in normal and malignant 

ovaries.
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22 Predicting MicroRNA targets

The genes having novel association with ovarian cancer obtained after mining of 

ovarian cancer data sets were then checked for their corresponding microRNA’s. Five 

target prediction tools were used for prediction as shown in table 2.1. These were 

targetscan, miRanda, pictar, miRGen and RNAHybrid. TargetScan is a very efficient and 

reliable tool for prediction of microRNA targets. It works by locating the conserved 

pairing 5' region of miRNA with the mRNA. Then the identified hits are evaluated and 

quality of output is checked.

miRanda is an algorithm based upon dynamic programming. It is the extension of 

smith waterman algorithm with the addition of position dependent weights. Sequence 

conservation was also taken in to account while predicting the miRNA targets for mRNA. 

The microma.org is the resource for miRNA target prediction and predictions were based 

upon miRanda algorithm. Pictar predicts microRNA by literature mining so it is the most 

reliable one but at the same time it is very limited in the sense that very miRNA’s 

research to date is not sufficient. miRGen is basically a database providing miRNA data 

from 11 animal genomes. It is user friendly and reliable repository for miRNA’s. 

RNAHybrid predict microRNA by calculating the binding energies. It is a tool which 

finds the minimum free energy hybridization of mRNA of target gene and microRNA. 

The tight binding accounts for the most appropriate functioning of microRNA’s. Those 

microRNA that bind more correctly with genes than others were more likely to be 

involved in the regulation of the respective gene.
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Table 2.1 Tools used for microRNA target prediction.

Tool name URL References

TargetScan http://www.tareetscan.ore/ Lewis et al (2005) 

Grimson et al. (2007) 

Friedman et al (2009)

miRanda http;//www.microma.ore/microma/ Enright et al. (2003) 

John et al (2004) 

BateU/ar/. (2010, 2008)

Pictar http://pictar.mdc-berlin.de/ Grun et al (2005)

Krek et al. (2005)

Lall eta l (2006)

Chen & Rajewsky (2006)

miRGen http://www.diana.pcbi.upenn.edu/miRGen.html Megraw et al (2006)

RNAhybrid http://bibiserv.techfak.uni-bielefeld.de/mahvbrid/ Rehmsmeier et al (2004) 

Kruger et al (2006)
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Chapter 3 Results

3. RESULTS

The scanning of high throughput ovarian data resulted in a number of differentially 

expressed genes. The process of scrutinization was highly sensitive and thus come up with the 

various novel results. The sequence of statistical and clustering checks arises with collection 

of noteworthy gene targets in ovarian cancer. Many of the genes predicted through current 

research were already reported but there were also few genes whose association with cancer 

of ovaries was never explored before. The shortlisted candidate genes for ovarian cancer are 

shown in table 3.1.

From all these shortlisted genes only few genes were selected for further investigation. 

After looking in to the gene list in table 3.1 it was revealed that some genes belongs to same 

families e.g., cldn3, cldn4, cldn7 belongs to the family of claudins. Similarly pdk2 and pdk4 

represent the family of pyruvate dehydrogenase kinase and in the same way slc25A17, 

slc4A3, slcl8A2 and slcl6A4 are members of solute carrier family. Claudin and PDK gene 

family were only picked for further analysis because these two families showed greater 

representation with significant expression patterns. The representation of two or more genes 

from a same family shows the involvement of whole gene family in ovarian cancer hence it 

was necessary to investigate those gene families rather than separate genes. It does not mean 

that individual genes were not significant but there is a possibility that there appearance is by 

chance or might be they are false negatives. So at this stage in order to limit the search to the 

hottest genes these two families were chosen.
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Table 3.1 The candidate genes for ovarian cancer.

Reference ID Gene symbol Gene Name

203453_at SCNNIA sodium channel, non voltage-gated I alpha

201596_x_at KRT18 keratin 18

202005_at STM suppression of tumorigenicity 14

202826_at SPINTl serine protease inhibitor, Kunitz type 1

214352_s_at KRAS Kirsten rat sarcoma 2 viral oncogene

213693_s_at MUC 1 mucin 1

201428_at CLDN4 Ciaudin 4

202790_at CLDN7 Claudin 7

209008_x_at KRT8 keratin 8

212070_at GPR56 G protein-coupled receptor 56

203953_s_at CLDN3 Claudin 3

202525_at PRSS8 protease, serine, 8 (prostasin)

210827„s_at ESE-1 epithelial-specific transcription factor

203892_at HE4 Homo sapiens epididymis-specific

201839_s_at TACSTDl tumor-associated calcium signal transducer 1

200606_at DSP desmoplakin

209335_at DCN decorin

219778_at F0G2 Friend of GATA2

209200_at MEF2C myocyte enhancer factor 2C

205792_at WISP2 WNTl inducible signaling pathway protein 2
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Reference ID Gene symbol Gene Name

219935_at ADAMTS5 aggrecanase-2

205082_s_at hAO hydroxyacid oxidase (glycolate oxidase)

205381_at P37NB leucine-richi repeat (LRR)

204464_s_at EDNRA endothelin receptor type A

20505 l_s_at KIT v-Icit Hardy-Zuckerman 4 feline sarcoma viral 

oncogene homolog

216733_s_at GATM glycine amidinotransferase

205158_at RNASE4 ribonuclease

202747_s_at i™ 2A integral membrane protein 2A

204719_at ABCA8 ATP-binding cassette, sub-family A (ABCl), 

member 8

205960_at PDK4 Pyruvate dehydrogenase kinase enzyme 4

219985_at HS3ST3A1 heparan sulfate (glucosamine) 3-0- 

sulfotransferase 3A1

204260_at CHGB chromogranin B

208209_s_at C4BPB complement component 4-binding protein

214210_at SLC25A17 solute carrier family 25 , member 17

210001_s_at SOCSl suppressor of cytokine signaling 1

33767_at NEFH neurofilament, heavy polypeptide

205981_s_at INGIL inhibitor of growth family, member 1-Iike

204967_at APXL apical protein, Xenopus laevis-like

206812_at ADRB3 adrenergic, beta-3-, receptor
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Reference ID Gene symbol Gene Name

209869_at ADRA2A adrenergic, alpha-2A-, receptor

205517_at GATA4 GATA binding protein 4

207864_at SCN6A sodium channel, voltage-gated, type VI

203859_s_at PALM paralemmin

219914_at ECELl endothelin converting enzyme-like 1

20438l_at LRP3 low density lipoprotein receptor-related

203058_s_at PAPSS2 3’-phosphoadenosine 5'-phosphosulfate synthase 

2

201556_s_at VAMP2 vesicle-associated membrane protein 2

206879_s_at NRG2 neuregulin 2

204287_at SYNGRl synaptogyrin 1

219414_at CS2 calsyntenin-2

205918_at SLC4A3 solute carrier family 4, anion exchanger, member

3

221215_s_at ANKRD3 ankyrin repeat domain 3

205453_at H0XB2 homeobox B2

205404_at HSDllBl hydroxysteroid (11-beta) dehydrogenase 1

205208_at FTHFD formyltetrahydrofolate dehydrogenase

48031_r_at C5orf4 chromosome 5 open reading frame 4

214279_s_at NDRG2 N-myc down stream-regulated gene 2

206756_at CHST7 carbohydrate (N-acetylglucosamine 6-0) 

sulfotransferase 7

A High throughput computational analysis o f microRNA signatures in human ovarian cancer 21



Chapter 3 Results

Reference ID Gene symbol Gene Name

203426_s_at IGFBP5 insulin-like growth factor binding protein 5

2I0751_s_at SMP-30 regucalcin (senescence marker protein-30)

205116_at LAMA2 laminin, alpha 2

203950_s_at CLCN6 chloride channel 6

205079_s_at MPDZ multiple PDZ domain protein

219370_at REPRIMO candidate mediator of the p53-dependent G2 

arrest

213030„s_at PLXNA2 plexin A2

207233_s_at MITF microphthalmia-associated transcription factor

221234_s_at BACH2 basic leucine zipper transcription factor 2

202590_s_at PDK2 Pyruvate dehydrogenase kinase 2

205486_at TESK2 testis-specific kinase 2

218486_at KLFll Kruppel-like factor 11

220332_at CLDN16 Claudin 16

206286_s_at TDGFl teratocarcinoma-derived growth factor 1

204154_at CDOl cysteine dioxygenase, type I

203939_at NTS Homo sapiens 5 nucleotidase

204482_AT CLDN5 Claudin 5

205498_at GHR growth hormone receptor

203603_s_at ZFHXIB zinc finger homeobox IB

204396_s_at GPRK5 G protein-coupled receptor kinase 5

215506_s_at DIRAS3 GTP-binding RAS-like 3
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Reference ID Gene symbol Gene Name

203562_at FEZl fasciculation and elongation protein zeta 1

213176_s_at LTBP4 latent transforming growth factor beta binding 

protein 4

205845_at CACNAIH calcium channel, voltage-dependent, T type, 

alpha IH

205803_s_at TRPCl transient receptor potential cation channel, 

subfamily C, member 1

203501_at PGCP plasma glutamate carboxypeptidase

204753_s_at HLF hepatic leukemia factor

218878_s_at SIRTl Sirtuin 1

220992_s_at C10RF25 N2-dimethylguanosine tRNA methyltransferase

213415_at CLIC2 chloride intracellular channel 2

203787_at SSBP2 single-stranded DNA binding protein 2

20420 l_s_at PTPN13 protein tyrosine phosphatase, non-receptor type 

13

203845_at KAT2B K(lysine) acetyltransferase 28

205934_at PLCE phospholipase C, epsilon

205234_at SLC16A4 solute carrier family 16 (monocarboxylic acid 

transporters), member 4
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3.1 Pyruvate Dehydrogenase Kinase Family

The statistical analysis of microarray datasets GSE4122 and GSE6008 of ovarian 

cancer exposed significant genes highlighted in the expression pattern. The t-test and SAM 

hauled the most reliable genes differentially expressed in the malignant and normal ovarian 

data sets. Many of the extracted genes association with ovarian cancer were already reported. 

PDK2 and PDK4 were among with those extracted genes. These two members of PDK gene 

family was never identified previously for their connection with human ovarian cancer.

Up regulation of PDK2 and PDK4 in t-test was observed in both datasets, while in 

SAM of GSE6008 only PDK4 expression was seen as significant gene while SAM declared 

pdk2 as non significant gene because of its low fold change. The results of statistical tests 

were shown in the form of volcano plots figure 3.1 and figure 3.2 and SAM graphs figure 3.3 

and figure 3.4. The significance of these genes was confirmed by their p-value and fold 

changes obtained fi-om these tests (Table 3.2).

Clustering analysis also revealed almost the same results. Figure 3.5 and figure 3.7 

summarizes the clustering results of PDK2 from GSE6008 and GSE4122 data sets 

respectively. The Hierarchical clustering, K-means clustering and clusters originated through 

self organizing tree algorithm (SOTA) having selected genes were displayed in these figures. 

Similarly figure 3.6 and 3.8 represents clusters of PDK4 from GSE6008 and GSE4122 

respectively. Verification of PDK2 and PDK4 over expression in human ovarian cancer was 

done through SAGE where both tissue and cell line libraries of normal and cancerous ovaries 

were scanned. In cell lines normally there was no expression of PDK2 and PDK4. PDK2 

over expression verified in cancerous tissues and cell lines but PDK4 expression result was

Chapter 3 Results
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very different as it is up regulated in case of cell lines but it shows no or little expression in 

tissues (Table 3.3). Expression of PDK2 and PDK4 was also checked by GeneFinder tool 

(Figure 3.9 and Figure 3.10) which also verified SAGE results. Similarly when pdk4 was 

analyzed using GENT it was noted that in U133Plus2 it was up regulated (Figure 3.11a and 

Figure 3.11b), while in data set U133A its expression is down regulated (Figure 3.11c and 

Figure 3. lid). PDK2 over expression was also verified by both data sets of GENT (Figure 

3.12)

Targeting microRNA’s for PDK genes were predicted by using various tools and 

common results from these software were taken only. The binding energies were also 

calculated and finally only those microRNA’s were shortlisted which were common output of 

all prediction tools and whose binding energies were also considered minimum (Table 3.4).

Chapter 3 Results
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Figure 3.1 Volcano plot ofPDK2 and PDK4 (GSE6008)

Figure 3.2: Volcano plot of PDK4 and PDK2 {GSE4122)
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Figure 3 3 : SAM of PE«C4 (GSE6008)

Figure X4: SAM g ^ o f  PDK4 and PDK2 (GSE4122)
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Figure 3.10: Shcwrt SAGE map of PDK2 from Gene Finder tool showing over expression in

cancerous ovary.
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C fv^er 3 Resubs

T̂ >Se 3^  p-vali^ mm! fb^ cbsu^ o f P£%2 aiMl P£^4 in bodi data^ts

Rcfercsce ID Gene GSE4I22 GSE690H

SymlMd Pvatee Fofai P valae Fold change

2025^_s_at ¥DK2 2.47E-05 lME+31 o,(m s$9 1.1428 (non 

significant)

205960_at PDK4 0.005181 4J6E+15 438E-13 2.064555

Tabic 33  SAGE re^iils fw  VDK2 ai«i PDK4

Gene

Symbol

lin^ene

Cluster

SAGE Tag

Normal Ovarian Cancer 

(*tpm)

Ceil lines Tissues Cell lines

PDK2 Hs.256667 TGTGCTCAGG No data 0 6 6

PDK4 Hs.8364 TAAATACTTG No data 0 0 4

"̂ Tags per m illke

A Hig^ thrmg^tqmt ompataBtMtmal imcdysis o f sdcroSNA siff!uaares in htanem ovarian cancer 45
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TaMe 3.4 Csmaxm  mkzoRNA’s |sed H ^  Taig^Scan, Pktar, miRamia and miRGen

ak»^ widi bindii^ a io^ es.

PDK4

MkroRNA’s Chromosomal Location BiodiBg E n ei^

hsa-miR-497 17pl3.1 -116.9kcal/moI

hsarmiR-424 Xq263 -79-7 kcal/mol

hsa-miR-15b 3q?533 -583 kcalAnol

hsa-miR-l5a 13ql4-2 -62.9 kcal/mol

PDK2

hsa-miR-195 17pl3.1 -85-6 kcal/mol

hsa-miR-16 13ql4J2 -64.5 kcal/mol

hsa-iiiiR-326 Hql3.4 -94.9 kcal/mol

hsa-iniR-330-5p 19ql332 -27.7kcatool

teaHoiiR-12(^ 8q24^1 -743 kcal/mol

A Ihrotî ^^m axa^t&ituxmd anafysis qfmkroRNA sî g v̂rlw  ̂in hwmm anptxrian cancer 46



3.2 Ciaadin Family

The miox)aimy aiiafysis o f ex{H^^Mm data sets &c»n ovariaa sampks evidently 

provided the |»roof o f invoWement o f claudia gene femify in human ovarian cancer. The 

diil^^tial e^qxesskm of cklii3, ckiii4 cJdo7 ̂ bows the fiiil p^ticipatioi) o f this family in

cancer progr^ifUL So in to undo'^and tlie bdmvicH' o f claudin &miiy in

cancer devek^pn^nt liie wfaoie claiaiin i^mily was msaiyzxd separately.

Fch- tius ^cpfcssm (hta of chimin gicnes pfesent in GSE6008 ai^ GSE4122 was 

separated. The snsdl datas^ <mly fen* clai^tn gene was nside. These data se^  were

iBcd for fin tl^  s i a l y l  The lesohs <^^ained fions bolh datasels (Table 3 J ) showed that 

cldn4, cldn7, cldnl6 and cldn3 ate falsify over-espiessed in ovar^  cancer while cldn5 is 

down regulated. Ckfa  ̂and ckfnlS showed a vay different hdtavics-, as cldn6 is found to 

have over ex|session and down regulation of ckhilS in datas^ GSE4122 while in GSE6008 

no significant difibmcx was detected. These finding fold <^ai^e ana^is were

fur&er verified throt^ t-test SAM.

The t4est cxMifim^ Ite ckhi3, ckM , cldn7, cldnl6, cidnlS and cldn5 as significant 

genes and cldn6 was the <mly non significant so It was exciu^^ fiom furtb^ analysis 

(Table 3.5). The dif^rential esqnessfcm o f d^se significant graKS was also detected in a 

volcano plot moitioiied in Figure 3.13. Further mining o f selected n ^ n b ^  o f claudin family 

was done dicough SAM which se|»rat^ cldn4, cldn3, aiKl ckin? as positive sig^ifi<^t genes 

and cklnS ^  i^ ative si^uficant, shown in SAM gra{^ Fi^ire 3.14. Same results were also 

examined by hktarchical dus^erii^ kntneans clu^^ii^ atd self ofganisang tree algorithm 

(Figure 3.15 and F^ure 3.16). SAGE analysis was done in order to ocmfirm die observed

C h ^ erS  Results
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nesuhs {Tabte 3,6). For tite visual descnj^ioii o f SAGE results Sage map was used which also 

confirmed the over expresskm o f ckhi3, cktn4 and ckhi7 (Figure 3.17, 3.18 and 3.19 

re^jwjtively) but vay i^^igibie up r^ulatkm o f cldnl6 (Fig^ne 3.20) and suqMiangly cldn5 

showed up as compared to micanoanay resuhs (Fig îre 3^1).

The results obtaii^  fixan SAGE w rae «mtradictwy to microarray results so we also 

checked t i^  befaavKM' o f g e f^  w as checked usii^ GENT. The ovct ex{»essi<m of cldn3, 

cldn4 am! cldn? was also omfirmed by GENT (Fi^ire 3J22, 3 ^  and 3J24 r^pectively), 

GENT the up regubticHi o f  cld&i6 and ft also ^lows that in cldni6 was highly

expressed in ovsian canc^ than any o th ar canco' (Figure 3.25). In case of cldnS GENT 

agreed with tte SAGE by slwwii^ cfearly the over expresskm in ovarian cancer samples 

(Figure 3.26).

The miaoRNA targ^ w oe iIm  piedic^ed Sh* only those claudin members which were 

proved to be associated with ovarian canoear. Conmion remits from all o f microRNA 

prediction tools w «e noled as die most reliable targ^ fTable 3.7). As these micorRNA’s 

were most »isc^Hible candid^es for beii^ involvtd in ovarian cancer by regulating the 

e^qnession of clamiin genes.

Cheaters ResuUs
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Figure 3.26: Showing up regulation of CldnS (A) & (B) Data set U133A (C) & (D) Data set

U133A.
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Table 3.5 Microarray claudin family results of dataset GSE6008 & GSE4122

Claudin

genes

Reference

ID

Fold

change

(GSE6008)

Fold

change

(GSE4122)

P-value False

discovery

rate

cldn4 201428_at >2 >5 0.0018636247 0.003261343

cldn7 202790_at >2 >3 2.9067648E-6 6.7824512E-6

cldn3 203953_s_a

t

>3 >6
0.0 0.0

cldn5 204482_at <2 <3 0.009433004 0.011005172

cldnl5 219640_at no change no change 1.7732685E-8 6.2064395E-8

cldnl6 220332_at > 1.5 >3 0.004344086 0.0060817203
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Table 3.6 SAGE results for claudin family

Gene Unigene

Cluster

SAGE Tag

Normal (tpm) Ovarian Cancer 

(tpm)

Tissues Cell lines Tissues Cell lines

Cldn3 Hs.647023 CTCGCGCTGG No data 0 77 0

Cldn4 Hs.647036 ATCGTGGCGG No data 0 91 0

Cldn7 Hs.513915 TATAGTCCTC No data 0 37 0

CIdnl6 Hs.251391 TTGCCATCCT No data 0 0 0

Cldn5 Hs.505337 GACCGCGGCT No data 0 14 0
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Table 3.7 Selected MicroRNA’s for claudin genes with minimum energies

Gene ID MicroRNA Chromosomal iocation Energy

hsa-mIR-423 17qll.2 -86.3 kcal/mol

Cldn3 hsa-miR-lOb 2q31.1 -76.7 kcal/mol

hsa-miR-572 4pl5.33 -119.5 kcal/mol

Cldn4 hsa-miR-149 2q37.3 -109.9 kcal/mol

hsa-miR-612 llql3.1 -105.9 kcal/mol

hsa-miR-339 7p22.3 -117.5 kcal/mol

Cldn7 hsa-miR-506 Xq27.3 -97.0 kcal/mol

hsa-miR-642 19ql3.32 -93.5 kcal/mol

hsa-let-7e 19ql3.41 “70.2 kcal/mol

Cldnl6 hsa-miR-224 Xq28 -65.4 kcal/mol
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4. DISCUSSION

The participation of microRNA’s in cancers is a major breakthrough in cancer 

therapeutic research. The microRNA’s can be best described as a regulator of their 

targeted genes (Lai, 2003; Bartel, 2004). This process of regulation is at post 

transcriptional level of the gene. They bind to the complementary sites present on the 

genes to which they target and hence block the translation and results in truncated 

products. The discovery of microRNA’s forced the cancer scientists to think that only 

examining the expression of genes in cancer state is not sufficient but along with it, it is 

necessary to explore those genes which are actually regulating their expression. Hence 

the microRNA’s are behind the scene players of the story of gene expression and without 

their presence whole phenomena of gene expression can never be well understood.

The role of microRNA in cancer can never be denied. But the major problem 

which arises is that the accurate targets for all of the identified microRNA’s are not 

known yet. So it is very difficult to check the microRNA’s involved with cancers. 

Although some of the wet lab analysis techniques had been proposed for the solution of 

this problem but these techniques are very expensive and difficult. One way to solve this 

problem is to design a computer based technique which should be easier, accurate and 

inexpensive. In current research a unique method is proposed to identify microRNA’s 

involved in human ovarian cancer. The method is easiest and unique in the way that it 

indirectly identifies some of the microRNA’s potentially involved in ovarian cancer. As it 

is known that expression of many genes has been regulated by microRNA’s so if the 

down or up regulation of that gene is involved in appearance of any disease then it can be 
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said that those microRNA’s which are in fact regulating this gene are indirectly involved 

in the expression of this gene. This hypothesis is the basis of current research. Many 

times in case of cancers the down/up regulation of gene or the mutations in the gene are 

not only the reason, many times the problem lies in microRNA’s which are targeting 

them and regulating their expression. So this suggests that if it is known that a gene is 

involved in a specific cancer and it is also known that this gene is targeted by which 

microRNA then microRNA’s which can be potential targets for the treatment of that 

disease can be easily sorted out. For the absolute understanding of disease pathogenecity 

the gene expression analysis must be done inclusive with microRNA gene expression. 

The current research is the example of such investigation. This method is straightforward 

and is of two steps. First, is to extract genes associated with the human ovarian cancer 

and second, is to identify the potential microRNA’s regulating those genes. Both steps 

were designed by adopting computational approaches.

The microarray analysis of ovarian cancer data sets resulted in a collection of 

genes that can be the potential targets for disease. Two gene families named as pyruvate 

dehydrogenase kinase family and claudin family, found to have major role in 

development of ovarian cancer. Pathogenesis of both gene families in ovarian cancer and 

their putative microRNA’s will be discussed individually.

The results revealed PDK2 and PDK4 as novel biological markers for ovarian 

cancer. PDK’s play a potential role in energy metabolism of the cell and any mutation in 

them can cause cancer (Mayevsky, 2009; Seyfried and Mukherjee, 2005; Chen et al, 

2009; Ramanathan et a i, 2005). To date the role of PDK’s is unassigned in ovarian
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cancer. The PDK’s major role is in phosphorylation which in turn makes them more 

important in cases of diabetes and starvation (Jeoung and Harris, 2010). Naturally in case 

of starvation or fatty diet, PDK’s are up regulated and this up regulation shut down the 

PDC activity which in turn preserves the pyruvate, lactate, and alanine (Majer et al., 

1998; Guerre-Millo et al., 2000). These carbon compounds are involved in glucose 

production and hence their conservation reduces the deposition of fats. This preservation 

of carbon compounds is very crucial for the survival in critical conditions of starvation 

and this job is done by PDK’s. Now how this phenomenon of PDK activity interacts in 

case of cancer is a very tricky question. While answering this query it was realized that 

the biological functioning of PDK’s was never fully understood.

The analysis of ovarian cancer expression data showed the significant over 

expression of PDK2 and PDK4, which disclosed their activity in cancer. As tumors have 

high energy demands and so in order to fulfill this requirement there is need of 

continuous glucose production and for this the conversion of carbon compounds in to fats 

should be blocked. This job can be performed by down regulating the PDC activity by the 

help of advanced regulation of PDK4 and PDK2. The current research verify their over 

expression in ovarian cancer but normally there is no or very little expression of these 

PDK’s. So the enhanced level of expression in cancer supports the assumption about the 

process for the fulfillment of high energy demands of tumor ceils (Wende et al, 2005; 

Araki and Motojima, 2006; Zhang et a l, 2006).

Another hypothesis for the up regulation of these PDKs in cancer is that they are 

involved in the enhancement of the resistance mechanism of tumors and make them able
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to withstand the hypoxic conditions produced as a result of greater glucose uptake of 

tumors (Wende et al, 2005; Araki and Motojima, 2006; Zhang et a l, 2006). So for tumor 

growth and development their expression level must be enhanced, apart from their 

normal behavior. The role of PDK4 is little strange as it shows down regulation in tissues 

while performing SAGE and also in GENT one data set shows down regulation but at the 

same time it was noticed that this down regulation is very minimal so it could be 

neglected because PDK4 is also over expressed in cell lines. As there are strong 

evidences of over expression of PDK4 in ovarian cancer so this minimal down expression 

was ignored.

The microRNA’s can be best described as a regulator of their targeted genes. 

This process of regulation is at posttranscriptional level of the gene. They bind to the 

complementary sites present on the genes to which they target and hence block the 

translation and results in truncated products. The discovery of microRNA’s forced the 

cancer scientists to think that only examining the expression of genes in cancer state is 

not sufficient but along with it, it is necessary to explore those genes which are actually 

regulating their expression. Hence the microRNA’s are behind the scene players of the 

story of gene expression and without their presence whole phenomena of gene expression 

can never be well understood. Li current research after finding the PDK2 and PDK4 role 

in ovarian cancer their potential targeting microRNA’s was also predicted by different 

reliable and robust prediction algorithms. The increased differential expression of PDK2 

and PDK4 in ovarian cancer reveals that their targeting microRNA’s expression must be 

lowered during cancer state and therefore the over expression of these genes is possible.
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Because if the microRNA’s responsible for the control of PDK2 and PDK4 expression, 

become higher in percentage then usual then their blocking ability will be enhanced 

which will result in little or no expression of these genes in ovarian cancer. The 

microarray analysis of these genes strongly convince about their over enhanced role in 

ovarian cancer so it was thought that all of the microRNA’s for these genes in case of 

ovarian cancer must be down regulated.

Recent studies also described that in case of cancers the microRNA’s mostly 

happen to be down regulated (Meng et a l, 2006; Lu et a l, 2005). Some of the predicted 

microRNA’s were never investigated before for their involvement in ovarian cancer. 

Scientists always linked the ovarian cancer with the breast cancer on the basis of their 

almost similar genetics (Bergfeldt et a l , 2002). We predicted hsa-miR-497 as regulator 

of PDK4 in ovarian cancer. In a very recent study of February 2011, Li al. reported the 

downregulation of has-miR-497 in breast cancer (Li et a l, 2011). Similarly the 

expression of hsa-miR-326 was also reported in breast cancer (Liang Z et al, 2010). 

These studies made these microRNA’s as a strong candidate for their involvement in 

ovarian cancer. hsa-miR-424, hsa-miR-195 and hsa-miR-15a were already reported to be 

down regulated in case of ovarian cancer (Dahiya et al, 2008; Zhang et al, 2008). While 

role of other predicted microRNA’s hsa-miR-1208, hsa-miR-330-5p, hsa-miR-1224-5p is 

ambiguous but future research on these microRNA’s will untangle many interesting 

features as potential biological markers of ovarian cancer.

The second identified gene family is the claudin family. Claudins are tight 

junction proteins and their involvement in several cancers implicated their role in tumor
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development. Some of the claudin family members association with the ovarian cancer 

has already been identified in vitro but this is the first in silico analysis of complete 

claudin gene family’s association specifically with the ovarian cancer. As it is described 

earlier that three members of claudin family has already been reported for their 

involvement in expression of ovarian cancer, results not only verified the significant up 

regulation of these genes but the over expression of cldnl6 was also observed in cancer 

state. Cldnl6 showed up regulation in both SAGE and Microarray analysis. Although the 

expression of cldnl6 is less than the cldn4, cldn3 and cldn7 as it is clear in volcano plot 

and SAM graph but its involvement in cancer can never be neglected. The clustering 

analysis also confirmed this finding although the percentage of up regulation is not so 

much high. GENT gave a very interesting result by showing highest percentage of up 

regulated cldnl6 in cancerous ovary. This confirmed the over expression of cldnl6 in 

human ovarian cancer.

Another interesting finding was the down regulation of cldnS in microarray data 

sets, which is very amazing as far as the role of claudins is observed. The tight junction 

formation ability of claudins makes to believe their up regulating role in tumor formation 

but here the association of cldh5 as significant down regulated gene in ovarian cancer is 

the most surprising thing which reveals the fact that may be the scientific knowledge 

about the claudins is still very limited and there are many other unraveled truths about the 

claudins that have to be identified yet. But the SAGE analysis of cldnS revealed the 

totally different results by showing its up regulation in cancerous ovary. GENT also 

showed the same results as of SAGE. These findings about the cldn5 makes it role
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suspicious in ovarian cancer which must be analyzed in vitro. But here it can be stated 

that there are more evidences of its up regulation rather than down regulation when the 

overall molecular functioning of claudins was analyzed. However the microarray results 

can not be over looked because these results are obtained from real microarray data. 

Similarly SAGE is also a very reliable tool because it is based upon DNA sequencing 

data. So the conflicting results of SAGE and microarray demands more extensive 

research on the role of cldn5 in ovarian cancer,

SAGE and microarray analysis revealed that cldn3, cldn4, cldn7 and cldnl6 were over 

expressed in human ovarian cancer. So only these caludin members are picked for 

prediction of their corresponding microRNA’s. Four prediction tools were used for that 

purpose. All of them predicted number of associated microRNA’s. As the method for 

prediction of each tool is different on the basis of different criteria’s so every tool 

predicted some microRNA’s that are different from other. Only those microRNA’s were 

selected which were in common among at least two tools. Then after that the selected 

microRNA’s were checked for their hybridization energies. The energy with which 

microRNA binds with mRNA is very important for its binding with target and then its 

regulation. If the energy is lower, then the binding is more perfect. The greater energy 

accounts for poor binding and so the less involvement of that microRNA in regulation of 

that gene. The top three microRNA’s having minimum free binding energy with each 

gene were then selected as potential regulators of that gene expression. The minimum 

energies of these microRNA’s made them very suitable as most appropriate regulators of 

their corresponding targets. So in simple words it can be said that above mentioned all of
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the microRNA’s are associated with human ovarian cancer. As all of these predictions are 

in silico so there is a need of in vitro verification of these findings.

Another interesting observation was made in the results that some microRNA’s are 

common for two or more genes of this family. For example hsa-miR-lOa, hsa-miR-lOb 

and hsa-miR-423 are common regulators of cldn3, cldn4 and cldn7. This means that these 

microRNA’s specifically regiilate the whole claudin gene family and also in case of 

ovarian cancer these microRNA’s might have more probability of association.

The combined microRNA results of both families disclosed that few microRNA’s occupy 

almost same chromosomal location or they are present on same chromosome. This 

represents that few chromosomal locations were very hot for finding microRNA’s 

responsible for ovarian cancer. hsa>miR-497 and hsa-miR-195 are foimd on 17pl3.1 

while hsa-miR-423 was present on 17qll.2 which means that chromosome 17 contains 

the putative microRNA’s for ovarian cancer. Similarly on 19ql3.32 hsa-miR-642 and 

hsa-miR-330-5p were present and very near to them on 19ql3.41 position hsa-let-7e 

resides. So chromosome 19 arm was very important for screening of microRNA’s in 

ovarian cancer. Another example is of hsa-miR-506, hsa-miR-612 and hsa-miR-424 

which belong to the q arm of chromosome X. hsa-miR-149 and hsa-miR-lOb are from 

chromosome 2 arm q and hsa-miR-16 and hsa-miR-15a are on 13ql4.2. The above 

mentioned facts describe that chromosome 2, 13, 17, 19 and X are the hottest 

chromosomes for finding microRNA involved in ovarian cancer. Another interesting 

thing is that only q arm of these chromosomes contain these microRNA’s. At this stage it 

is very hard to understand the biological relevance of this finding but it must be further 

studied and may result in some new insights for microRNA cancer research. For the
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ovarian cancer the mentioned chromosomes must be fully scanned again for more 

putative markers.

Although all computational findings can never hundred percent correct and there is 

always chances of errors so the results are not always accurate but the in silico methods 

provide the way for the solution. It is very difficult to analyze all of the microRNA’s in 

vitro for its association with ovarian cancer but computational analysis is very helpful in 

short listing only those candidates which have high probability of their involvement in 

disease. So this study provides a method for minimizing the burden for in vitro analysis. 

Instead of scanning full database of microRNA’s for their association with disease, 

researchers should only have to concentrate on most credible targets.
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